Abstract: Systems medicine is a data-oriented approach in research and clinical practice to support study and treatment of complex diseases. It relies on well-defined information management processes providing comprehensive and up to date information as basis for electronic decision support. The authors suggest a three-layer information technology (IT) architecture for systems medicine and a cyclic data management approach including a knowledge base that is dynamically updated by extract, transform, and load (ETL) procedures. Decision support is suggested as case-based and rule-based components. Results are presented via a user interface to acknowledging clinical requirements in terms of time and complexity. The systems medicine application was implemented as a prototype.
Introduction
Systems Medicine is a current approach to aid physicians and researchers in treatment and investigation of complex diseases. According to the definition of the European Commission, "'Systems medicine' is the application of systems biology approaches to medical research and medical practice. Its objective is to integrate a variety of biological/medical data at all relevant levels of cellular organization using the power of computational and mathematical modelling, to enable understanding of the pathophysiological mechanisms, prognosis, diagnosis and treatment of disease." [1] Consequently, the management of data is of great importance for systems medicine in research as well as clinical practice. Typically, data of different sources such as electronic health record systems, clinical research data bases, or biomedical knowledge representations like ontologies have to be reviewed and prepared. The most prevalent data sources in systems medicine research projects are omics data and clinical data [2] .
Due to the comprehensive approach of systems medicine, neither disease specific knowledge nor the clinical data can be considered static. Thus, we suggest to understand information management for systems medicine as a dynamic process that evolves over time and leads to cyclic updates of the knowledge and data repositories behind the corresponding information technology (IT) system.
Further challenges arise from the broad availability of so-called omics data. This class of data, for example RNA microarray data, is characterised by a huge amount of attributes per sample that is often disproportional to the number of available cases. Currently, specific data preparation pipelines using statistical approaches like feature selection are necessary to make these data accessible for decision support solutions [3] .
Methods
For successful information management in the context of systems medicine it is useful to distinguish between the IT architecture and the data management process. The architecture depends on the requirements of a specific systems medicine application. As a generic high-level architecture we propose a three-layer model [4] The complexity of the data management process depends on the level of heterogeneity prevalent in the data sources. To achieve sufficient case numbers it is often necessary to combine data on the same entity types from different sources. For example, hospitals may decide to collaborate and share clinical data on a specific disease area to build a joint systems medicine application with a higher number of cases and therefore greater statistical power (multi-centre approach). In most cases, clinical documentation will not be based on identical specifications. Thus, in a harmonisation step data definitions have to be evaluated for each attribute, both on a syntactic and semantic level. The resulting common data definition should be implemented into an automated extract, transform, and load (ETL) process to facilitate repeated loading of data to keep an up-to-date decision support system [5, 6] .
Results
An overview of the resulting information management model is shown in Figure . In the following paragraphs the elements of this model are described in detail.
Knowledge base
The core concept of the model is the knowledge base, which contains patient and disease related data as well as formally represented knowledge. As such it forms a systems medicine model in a broader sense. Specifically, the knowledge base is comprised of a case base and a rule base:
Case base
The case base covers information on the available experience in treating patients with a specific disease. Typically, such information is organized as case descriptions. Each case is described by a harmonized set of attributes covering clinical data, omics data, and others. The case base can be used for various research purposes like data mining or construction of systems biology models. In addition, its cases can be used for decision support directly by using the concept of patient similarity [7] . In the field of clinical artificial intelligence systems, patient similarity has been subject of research for many years, most notably in case-based reasoning [8] .
In terms of clinical data, the case base contains typical data like diagnoses, procedures, side effects, and laboratory values. For some diseases, medical images such as computer tomography, magnetic resonance imaging, or microscope images can be included and be processed with corresponding similarity measures. More recently, case bases are enriched by molecular data describing different steps of the genetic process chain from DNA over proteins to cell-level regulatory processes [3] . However, the use of these data in the context of patient similarity is still challenging due to the large number of parameters involved.
Rule base
Since the case base only covers information on an institution's previous experiences in treating a disease, it might not be comprehensive in terms of current evidencebased medical knowledge. This can be mitigated by adding a rule base to the systems medicine application. Rules formally represent medical knowledge in a way that can be interpreted by a rules engine like HertmiT [9] . Rules can be derived from various sources: Medical treatment guidelines are rule sets intended for human interpretation that can be computerized. New findings on the treatment of a disease can be extracted from textual scientific literature by a manual or automated curation process [10] .
More suitable are sources that are computer interpretable by design like gene ontology [11] . Published systems biology models can be part of a rule base in a broader sense since they provide machine interpretable models, possibly described in systems biology mark-up language (SBML) and processed by a SBML simulation engine like COPASI [12, 13] . For a rule base, a continuous curation process has to be established to ensure the timely availability of new knowledge, for example, when new treatment guidelines are published.
Inference
In contrast to systems biology, where understanding and in silico simulation of biological processes down to the cellular level is in focus, systems medicine always aims at supporting treatment decisions for individual patients. As shown in Figure , the knowledge base is the foundation for drawing conclusions for these individual patients. The technical aspects of this inference process differ in accordance with the type of knowledge available. For similarity-based inference methods like CBR, individual case instances are retrieved with a focus on maximising similarity with the newly presented patient case. Consequently, a new patient has to be described using as many attributes as possible from the set of attributes in the case base. An individual treatment decision is made based on the outcome of the most similar patient from the case base. Especially for life threatening diseases like cancers, only the first treatment approach might be of interest for a newly diagnosed patient since later therapies cannot be considered independent of previous attempts.
For rule-based decision support, clinical data of new patients have to be defined in a way comparable to the casebased approaches. This set of individual attributes is used as input for the rules engine or model simulation. The result is a personalized treatment recommendation for the patient.
No matter which decision support method was used, the outcome of the treatment should be documented and added to the knowledge base, either as an additional case or by refining the rules and models as the patient population grows.
Prototype implementation
For the systems medicine project "clinically applicable, omics-based assessment of survival, side effects, and targets in multiple myeloma" (CLIOMMICS) a prototype of an IT system for systems medicine is being established according to the proposed architecture and data management process. As disease model the project examines the multiple myeloma, a malignancy of plasma cells in the bone marrow.
Data (clinical parameters and omics data) have been harmonized and stored in a research data warehouse based on the open-source software "Informatics for Integrating Biology & the Bedside" (i2b2) [14] . Data harmonization rules are documented as meta data which are used in an automated ETL process to ensure continuous updates of the case base [5] . Data in i2b2 are organized according to the star schema. While this data schema is optimized for analytical queries, for some purposes a flat case-oriented presentation of the data is desirable. We implemented a Generic Case Extractor (GCE) allowing a comprehensive data export as a matrix containing one line per case [15] .
While i2b2 can be used directly through its user interface for research purposes, it is also used as unified source for a case base. On this foundation, a case-based reasoning module was established with help of the Java-based CBR software framework myCBR [16] . To reflect the specific requirements of the cancer, a specific similarity measure based on survival data was developed. The user interface in form of a web portal with dedicated portlets visualizing CBR results is currently being developed. An additional part of the user interface is a report generator for generating medical letters covering results e.g. for gene expression data.
Discussion
Information management for systems medicine is a demanding task requiring a multi-level approach to build a sustainable infrastructure. Special care has to be taken to address inherent dynamics of data that are used for systems medicine: Over time the number of available health records will increase, treatment approaches will change, for example with the availability of new compounds. Such effects will have to be reflected in the corresponding knowledge base, no matter whether a case-based, rule-based, or other concept is implemented. In the authors' opinion, the effort of harmonizing data for use in systems medicine should not only be used as basis for clinical decision support, but also made available for research (data mining, e.g.). One possibility is the establishment of ETL processes for a biomedical data warehouse as suggested in this manuscript.
Evaluating a systems medicine application is challenging, especially in context of cancer diseases. Common in silico evaluation approaches like splitting patient data sets into training and test cohorts might not be applicable since it is hard to draw conclusions on test patients, who actually received a different treatment than the one the decision support component suggests. Eventually, a prospective controlled clinical trial might be necessary to compare the performance of a systems medicine application against unsupported decision making. However, such a trial will have to pass high ethical barriers.
Further research is necessary in the field of humancomputer-interaction. This is especially important for the field of systems medicine since physicians bear the burden of being responsible for the patient but only have limited resources in terms of time and budget at their disposal. Thus, it is necessary to provide the essence of a complex data analysis process to empower them to make a good decision for the health of patients.
The data management model presented here provides a blueprint for building comprehensive knowledge bases as they are required for systems medicine applications. Due to its generic nature the model can be used with other IT systems as well. 
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